The telephone survey is a common social science research method for capturing public opinion, for example, an individual's values or attitudes, or the government's approval rating. However, reducing domestic landline usage, increasing nonresponse rate, and suffering from response bias of the interviewee's self-reported data pose methodological challenges to such an approach. Because of the labor cost of administration, a phone survey is often conducted on a biweekly or monthly basis, and therefore a daily reflection of public opinion is usually not available. Recently, online sentiment analysis of user-generated content has been deployed to predict public opinion and human behavior. However, its overall effectiveness remains uncertain. This study seeks to examine the temporal association between online sentiment reflected in social media content and phone survey poll results in Hong Kong. Specifically, it aims to find the extent to which online sentiment can predict phone survey results. Using autoregressive integrated moving average time-series analysis, this study suggested that online sentiment scores can lead phone survey results by about 8-15 days, and their correlation coefficients were about 0.16. The finding is significant to the study of social media in social science research, because it supports the conclusion that daily sentiment observed in social media content can serve as a leading predictor for phone survey results, keeping as much as 2 weeks ahead of the monthly announcement of opinion polls. We also discuss the practical and theoretical implications of this study.
Introduction
T elephone surveys have been extensively used in social science research to track individuals' opinions, which include values, attitudes, or the government's approval rating. 1 A phone survey is conducted by using probabilitybased sampling, and the results obtained from randomized samples are in principle representative of the population. However, pollsters are finding it increasingly difficult to administer high-quality phone survey studies. For instance, decreasing domestic phone utilization in the household population (due to growing use of mobile phones), increasing nonresponse rates, and growing response bias caused by selfreporting are major threats to the validity of the results generated by the phone survey methodology. 2, 3 Because of the involved human resource and cost of administration, the longitudinal phone survey method is often undertaken on a biweekly or monthly basis. This may not be sufficiently responsive to reflect rapid changes in public attitudes in a dynamic society.
Social media can enable individuals to express and share personal opinion publicly, via a variety of channels such as writing a personal blog or creating online forums, replying to other people's blog or forum posts, twittering their updates and re-tweeting other users' messages, or engaging in social networking sites. These modes of civic participation appear to broaden the conventional meaning of public opinion, which has generally been reflected in newspaper opinion articles, editorials, or letters to the editor, or in radio or television phone-in programs, written submissions to the government's public consultations, or responses to opinion polls. Recently, online opinion expression has become a new model of delivery of public opinion and is recognized as opening up a new avenue for enriching public discussion and societal debates and promoting pluralism. 4 However, since online users create posts on social media self-selectively, online opinion expression is by nature not representative of the population, and only those online contributors who choose to participate are represented. Studies have found that social media posts about a government and its policies are often written by well-educated, upper-class, and politically engaged citizens, 5, 6 and consequently, the view of the majority population is disproportionately underrepresented in the social media.
Nevertheless, many researchers attempt to use online sentiment of the virtual sphere to reflect the collective opinion in the real world. Sentiment analysis is one of the major applications deployed in the field of information science. 7 The algorithms of sentiment analysis can computationally classify a set of opinionated content into specific categories by tone, usually positive, negative, and neutral. According to a review of various sentiment analysis techniques, accuracy rates of sentiment analysis techniques often range between 70 percent and 80 percent. 8 Sentiment analysis has been used in identifying online user's sentiment in the social media 9,10 and in political user-generated content on web forums. 11 Some preliminary studies have deployed sentiment analysis to evaluate the correlation between sentiment of the social media content and the public opinion 12, 13 as well as to predict stock prices. 14 However, the overall effectiveness of using sentiment analysis to predict public opinion remains uncertain.
By deploying sentiment analysis techniques, this study aims to find out whether the sentiment of the social media content in Hong Kong is useful for making predictions of opinion survey results concerning government approval ratings. Our primary research question asks whether an online sentiment score can serve as a leading indicator to predict phone survey results in Hong Kong. If supported, we seek to examine the extent to which the computed online sentiment score can predict the phone survey results ahead of time.
Methods
A set of online posts in Hong Kong was collected and classified using computer-based sentiment analysis into whether or not they were presented as negative sentiments. The process of classification was then validated by making comparisons to the ratings assessed by human coders. Using the validated sentiment classifier, a time series of sentiment scores was computed. Phone survey results were collected from two Hong Kong pollsters' websites. Finally, statistical analysis was deployed to test the correlations between the sentiment scores and the phone survey results.
Sentiment classifier
A data archive of social media content in Hong Kong was systematically and automatically collected by computerprogrammed crawlers. The information sources included four major online discussion forums, personal blogs, and microblogs in which the bloggers self-identify Hong Kong as the origin. The methodology of data collection has been reported elsewhere. 15 All data collected were publicly available online information and were not treated as personal data. Indirect identifier data fields, for example, a user identification code or user display name, will be changed to unidentifiable pseudocodes after all data are collected at the end of the project. The study was approved by the Human Research Ethics Committee for Non-Clinical Faculties, The University of Hong Kong.
A corpus of government-related posts was retrieved from the data archive in the period of April 1 to June 30, 2011, by keyword searching a list of government-related terms (a full list of terms is available upon request). In all, 66,468 posts were collected. A human rater was then assigned to classify these posts into two categories: negative sentiment or not a negative sentiment (others, hereafter). A negative-sentiment post is defined as the content that portrays a critical stance toward the Hong Kong government or social policies in Hong Kong or explicitly identifies at least one public body to which responsibility for a social policy or a public incident is attributed. Otherwise, the post was classified as other, representing a neutral or positive tone. Once the human classification was completed, quality check on a small random sample collected from the corpus was conducted by the first author. Finally, 1,468 negative-sentiment posts and 1,468 randomly selected other posts were identified.
Open-source Chinese-language processing software Nlpbamboo (http://code.google.com/p/nlpbamboo/) was deployed to undertake Chinese word tokenization and partof-speech tagging. Chinese textual contents of the posts were subsequently tokenized and preprocessed by removal of stop words, punctuation, web links, and special symbols used in the posts, for example, @uuu, where uuu is a username, #hhh or #hhh#, where hhh is a hash tag, and emotion icons. Finally, the part-of-speech tag was assigned to each space-separated Chinese token. A set of Chinese tokens, consisting of a Chinese term and a part-of-speech tag, was assigned to represent each post.
After that, 1,000 samples were randomly selected from each of the two sets of posts, that is, negative sentiment and others. The combined 2,000 samples were used as the training set for supervised machine learning. We used the R version 2.12.1 16 to conduct support vector machine analysis. 17 Support vector machine analysis is a statistical technique used to train a model for predicting categorical outcomes. After weighed by the inverse-document frequency, using R text mining package, 18 and deleting low-frequency terms, a term document matrix was generated and was used as the feature vector for support vector machine analysis. The size of the feature vector was 4,500 Chinese tokens.
The remaining 468 negative-sentiment posts and 468 other posts were combined to be a testing set. Three indicators were used to assess the performances of the sentiment classifier: accuracy, precision, and recall. The accuracy rate is calculated by dividing the number of correct predictions by the total number in the testing set. Precision is the percent of negativesentiment predictions that were correct. Recall is the percent of negative-sentiment test items that were correctly predicted.
We tested the accuracy of the sentiment classifier. Accuracy of negative-sentiment prediction was found to be 79 percent. Precision, which is the level of correctly predicted negative sentiment, was 78 percent, and recall, which is the extent to which negative-sentiment test items were correctly predicted, was 80 percent. The results confirm that the sentiment classifier developed in this study yielded a fair level of accuracy comparable with some advanced techniques used in the field. 8 Online sentiment score By deploying the sentiment classifier, we constructed a sentiment score to represent the extent to which daily negativesentiment contents are manifested in the Hong Kong online opinion. We ran the sentiment classifier to evaluate an aggregate score on each day in the study period. With a sufficiently large sample, this approach has an advantage in that an aggregation of all posts' scores can potentially minimize the errors in the measurements, that is, false positives and false negatives, and may obtain a better estimation. 13 Sentiment score is devised by the following formula. The negative logarithm of the ratio of the predicted negative sentiment over the total is a conversion to make a lower sentiment score representing a more negative sentiment.
Sentiment Score ¼ Àlog
Number of Posts with Predicted Negative Sentiment Total Number of Posts
In the time period from July 11, 2011, to June 30, 2012, online posts were retrieved from the data archive by using the government-related keyword search. The obtained online contents were analyzed by the sentiment classifier, and as a result, daily sentiment scores were computed. The sentiment score time series was smoothed by evaluating its 30-day moving average for comparison to monthly survey data.
Telephone surveys
We obtained the phone survey results from the website of the University of Hong Kong's Public Opinion Programme (in short HKUPOP; website http://hkupop.hku.hk/) and the Chinese University of Hong Kong's Hong Kong Institute of Asia-Pacific Studies (in short HKIAPS; website www.cuhk .edu.hk/hkiaps/). HKUPOP and HKIAPS are two major Hong Kong-based independent pollsters that publish polling results of the popularity figures of the Hong Kong Government regularly every month. Both pollsters ask questions about the dissatisfaction rate of the Hong Kong Government's performance. We selected the item percentage results of this question, that is, the total number of dissatisfaction responses divided by the total number of respondents, in both polls as references for comparisons. Monthly polling results of the HKUPOP and the HKIAPS were interpolated, and two sets of daily time series were generated.
In the study period, the first phone survey result was published by the HKUPOP on July 25, 2011. We therefore set a base point of 100 to represent the sentiment score on July 25, 2011. All sentiment scores and poll results were adjusted by dividing by the unadjusted score on July 25, 2011, and multiplying by 100.
Time-series analysis
To examine whether the online sentiment of the online media content analysis may have led the phone survey results (HKUPOP and HKIAPS) in time, cross-correlation analysis was performed to evaluate the temporal association between the time series of the online sentiment score and the phone survey results (HKUPOP and HKIAPS). The Box and Jenkins 19 autoregressive integrated moving average (ARIMA) method was used. First, we prewhitened all three time series by removing their temporal autocorrelations and identifying their ARIMA structures, 20 that is, ARIMA ( p,d,q), where p, d, and q are the orders of the autoregressive, integrated, and moving average terms of the model, respectively. Plots of autocorrelation function, partial autocorrelation function, and the Ljung-Box v 2 tests were undertaken to confirm the absence of autocorrelation in the model residual. After these procedures, the residuals of the prewhitened time series were examined by cross-correlation analysis. Specifically, the residual of the online sentiment score was cross-correlated with the residuals of the phone survey results over the time range of 25 days before and after each time point. R package's TSA library 21 was used for the analysis. The 5 percent significant level was set for all statistical tests.
Using multiple regression models, the HKUPOP and HKIAPS were finally regressed with two models. Model 1: Only one independent variable is used. It is a 30-day lagged series of the phone survey result (last month's finding). Model 2: Two independent variables are used. They are a 30day lagged series of the phone survey result and the corresponding time-lagged sentiment score. We hypothesize that Model 2 should be more efficient than Model 1 in predicting the HKUPOP and HKIAPS time series. If this hypothesis is supported, a time-lagged sentiment score can add value on time-lagged phone survey data in better prediction of the future phone survey results. Original scores along with predicted values of Model 1 and Model 2 were plotted and compared. . Visually speaking, the sentiment score line appears to follow the rise-and-fall trends of the lines of the HKUPOP and the HKIAPS quite well in the first 220 days (dashed line). However, that was not the case in the last 100 days, especially the spike found between day 220 and day 250 in the HKUPOP.
Results
The three time series were differenced to become stationary and were then fitted with separate ARIMA models. The sentiment score was fitted with ARIMA (1,0,1) model; the HKUPOP was fitted with ARIMA (0,0,1) model; and the HKIAPS was fitted with ARIMA (0,0,1) model. Three residual time series of the models passed the time-series diagnostic tests in which all autoregressive terms were statistically nonsignificant. Figure 2 shows the cross-correlation functions between the sentiment score residual time series and the HKUPOP residual time series (upper panel) and between the sentiment score residual time series and the HKIAPS residual time series (lower panel). A significant correlation was found at lag = -8 (upper panel) and at lag = -15 (lower panel), and the correlation coefficients were 0.161 (95 percent confidence interval (CI) [0.05, 0.27], p = 0.004) and 0.166 (95 percent CI [0.06, 0.27], p = 0.004), respectively. The significant lag values are highlighted in bold in Figure 2 . As a result, the sentiment score seems to lead the HKUPOP time series by about 8 days and was ahead of the HKIAPS time series by about 15 days. 
Discussion
Public opinion survey aims, by definition, to select samples randomly from the general population, whereas online opinion is primarily elitist driven. 5 As a subset of the general population's views, online opinion does not seem to be a representative of overall public opinion. Nevertheless, this study and others 12,13 support the conclusion that online sentiment of user-generated contents can serve as a leading predictor for public opinion. Following on previous findings, this study deployed time-series statistical analysis techniques and successfully identified the exact time lags between daily online sentiment and two distinct monthly released public opinion survey results in Hong Kong. Our finding supports that the daily online sentiment index can serve as a leading indicator for the interpolated monthly opinion poll results, such that the predictions can be observed 8-15 days ahead of the announcements of the monthly result of opinion poll.
The practical significance of such findings is apparent, because online sentiment analysis of user-generated contents is empirically supported to be a time-lagged predictor of offline phone survey findings. As mentioned, the reliability and validity of the traditional phone survey methodology are being challenged. Pollsters are finding it increasingly difficult to recruit phone survey participants and to maintain high quality and reliable data collection. Further, the phone survey methodology is not an effective approach to measuring rapid response from the public. Despite these limitations of the survey methodology, a phone survey is still a widely used social science method. To provide an alternative approach, this study asserts that sentiment analysis of social media content would be a reliable, feasible, and relatively low-cost solution. This approach may not be only applied to measuring public opinion, but can also be extended to assess other social indicators such as an individual's values, attitude, or cognition. We suggest more studies to explore additional applications of using social media data in measuring social science indicators.
Besides its practical implications, this study also raises an interesting theoretical question: How can we account for the correlation between the population-based opinion survey result and the elitist-driven online sentiment? There are at least three plausible explanations. First, according to the theory of the two-step flow of communication, 22 opinion leaders make comments on the social agenda publicly and appear regularly in radio, television, newspaper, and magazine content. Their opinion is an important ingredient in the formation of public discourse, and consequently has profound impacts on the general population's opinion. This group of elites can extend this opinion formation process from offline to online environments and reinforce their influence across offline and online media. Their online opinions can therefore be deployed as a proxy to represent the overall population. Future study is warranted to compare the profiles and the impacts of the opinion leaders between online and offline environments to test this proposition. The second explanation is that the correlation of opinion surveys and online sentiment is confounded by mass media impact. Extensive research has been established in supporting the notion that public opinion is profoundly shaped by news media. 23 News sources are also found to be one of the major references of the posts on the social media. 15 Therefore, if normal citizen and online netizens are both strongly influenced by news media, we argue that both phone survey results and online sentiment may be solely reflections of the same underlying factor: the attitude of the news media. This explanation can be tested by adding news media content as a covariate in the future research.
The third explanation involves the methodological and sampling biases. Both phone survey results and social media content may be imperfect indicators in measuring the true value of public opinion. The biases may be caused by a systematic error. For example, more enthusiastic respondents to phone surveys are more likely to create posts on social media, and respondents who tend to self-report their critical attitude toward government have a higher likelihood of making negative comments online. As a result, both time series are spuriously found to be correlated.
These three explanations are not mutually exclusive. Future empirical studies are required to examine and confirm these explanations.
To conclude, the phone survey is and will be an important social science research methodology, despite its well-known limitations. We suggest that the quantitative techniques we have developed to represent sentiment found in social media content in Hong Kong would be a promising and reliable leading predictor for public opinion and can serve as an alternative and complementary solution for social science researchers.
